Abstract. The aim of the present study was to investigate the utility of a computed tomography (CT)-based radiomics signature for the early prediction of the tumor response of small cell lung cancer (SCLC) patients to chemotherapy. A dataset including 92 patients from a clinical trial was retrospectively assembled. All of the patients received the standard first-line regimen of etoposide and cisplatin. According to the Response Evaluation Criteria in Solid Tumors 1.1, the patients were divided into two groups: Response and no response groups. A total of 21 radiomics features were extracted from CT images prior to and after two cycles of chemotherapy and a radiomics signature was constructed via a binary logistic regression model. The area under the receiver operating characteristics curve (AUC) was determined to evaluate the performance of the radiomics signature to predict the response to chemotherapy. The clinicopathological factors associated with chemotherapy in patients with SCLC were also evaluated, and a predictive model was established using a binary logistic regression analysis. The 21 radiological features were used to establish a radiomics signature that was significantly associated with the efficacy of SCLC chemotherapy (P<0.05). The performance of the radiomics signature to predict the chemotherapy efficacy (AUC= 0.797) was better than that of the model using clinicopathological parameters (AUC= 0.670). Therefore, the present study demonstrated that radiomics features may be promising prognostic imaging biomarkers to predict the response of SCLC patients to chemotherapy and may thus be utilized to guide appropriate treatment planning.
Introduction
Lung cancer is the most common type of malignant tumor and the leading cause of cancer-associated mortality worldwide (1, 2) . Small cell lung cancer (SCLC) accounts for 15-20% of all lung cancer cases and is characterized by rapid growth and early metastatic spread (3) . Of all newly diagnosed patients with SCLC, ~70% present with advanced disease and require systemic chemotherapy. In such cases, clinicians must promptly initiate treatment. However, although SCLC is sensitive to chemotherapy, with initial response rates of ≥60%, the 5-year overall survival rate is <5% (4) . In the last decades, SCLC therapy and prognosis have not significantly improved and no novel drugs have been approved in the recent years (5), although progress has been made in the characterization of the genetic Application of computed tomography-based radiomics signature analysis in the prediction of the response of small cell lung cancer patients to first-line chemotherapy landscape of SCLC (6) (7) (8) . In addition to continued development of novel treatments, the determination of the optimal use of the existing chemotherapies to improve the survival rate of SCLC patients represents a major clinical challenge.
Several combinations of chemotherapeutics may be used to treat SCLC. However, the etoposide-cisplatin (EP) regimen remains the primary choice of treatment and no novel chemotherapeutic combinations have been identified to be superior to EP as the first-line therapy in SCLC patients (9, 10) . However, certain cases of SCLC do not respond well to EP chemotherapy. Thus, the possibility to predict treatment outcomes for SCLC patients, particularly those at high risk of responding poorly to first-line chemotherapy, is of great interest. This may allow for pre-chemotherapy risk stratification in SCLC and enable clinicians to select a treatment tailored to each patient's individual risk profile.
To date, no biomarkers with the ability to indicate the clinical response of SCLC patients to treatment have been identified; 75% of patients with SCLC have ≥2 circulating tumor cells (CTCs)/7.5 ml peripheral venous blood. Thus, CTC detection may be used to determine the response to therapy (11, 12) . However, the low CTC number in blood may affect the reproducibility of these tumor cell counts. Furthermore, the currently available serum tumor markers for lung cancer cannot be used to monitor SCLC, as they have relatively low sensitivity and specificity for cancer cells; these include neuron-specific enolase (NSE), New York esophageal squamous cell carcinoma 1 antibody, plasma fibrinogen, D-dimer, carcinoembryonic antigen (CEA) and progastrin-releasing peptide (ProGRP) (13) (14) (15) . The identification of novel, cost-effective and accurate biomarkers is crucial for predicting the clinical response of SCLC patients to chemotherapy.
Previous radiological studies have performed large-scale data analyses to improve the utilization of imaging over the past decade. High-throughput medical image analysis has been performed for quantitative feature extraction. From the images, certain features are being extracted and converted into data, which may in turn be analyzed using a decision support system; this novel technology is known as radiomics (16) . This method is particularly useful in solid tumors that are unevenly shaped. Radiomics is able to capture heterogeneity in a non-invasive and cost-effective way (17) (18) (19) . In fact, it is more useful than biopsy in this regard, as it reveals heterogeneity across the entire tumor (20) .
Computed tomography (CT) is the most commonly used imaging modality, it is able to quantify tissue density with a high resolution and provide clear tumor images through enhanced scanning (19) . In recent years, radiomics research has greatly advanced with regard to CT image analysis. Previous studies have identified features associated with tumor histology (21) (22) (23) , tumor staging (24), overall survival (25, 26) and gene mutations (27) . However, to the best of our knowledge, no previous study has elucidated the prognostic value of radiomics in SCLC patients scheduled for first-line chemotherapy.
The aim of the present study was to identify a CT-based radiomics signature and investigate whether it is able to predict the clinical response of SCLC patients to first-line chemotherapy.
Materials and methods

Patient selection.
A total of 134 patients with SCLC histopathologically confirmed by fine-needle aspiration biopsy and received chemotherapy at Shandong Cancer Hospital Affiliated to Shandong University (Jinan, China) were recruited for the present study. The patient inclusion criteria were as follows: i) Chemotherapy between March 2015 and March 2017; ii) No treatment or operation prior to admission; and iii) two courses of standard EP chemotherapy. Subjects with a mixed SCLC pathology (n=3), as well as those who did not receive two courses of standard EP chemotherapy (n=5), no availability of double-enhanced CT images captured prior to and after chemotherapy (n=13) and those who were lost to follow-up (n=21) were excluded (Fig. 1) .
Therapeutic process and grouping standard. A total of 92 patients with SCLC who received two cycles of EP chemotherapy were included in the present study (EP regimen: cisplatin at an accumulated dose of 80 mg/m 2 IV for 3 days and 100 mg/m 2 IV etoposide daily (days 1-3). The interval between the two cycles of EP chemotherapy was 18 days. A chest CT scan was performed during the week prior to treatment initiation and at 4 weeks following routine chemotherapy. In accordance with the New Response Evaluation Criteria in Solid Tumors (RECIST) 1.1 (28) , two experienced radiologists compared the CT imaging characteristics from all scans obtained prior to chemotherapy compared with the post-chemotherapy scans. Each radiologist evaluated the images in the same manner and any discrepancies were resolved by discussion until a consensus was reached. The patients were divided into the following groups: Response group (n=70) and no response (n=22) group. Those patients who achieved either a complete or a partial response were assigned to the response group, whereas those with stable disease or disease progression were assigned to the no response group (29) . CT image acquisition and pre-processing imaging environment. All patients underwent pulmonary CT examination using a Philips Brilliance 128i CT scanner (Philips Healthcare, Amsterdam, Netherlands). The tube voltage and current were 120 kV and 220 mA, respectively; the pitch was 1.0 and the collimator measured 64x0.625 mm. The acquired data were reconstructed into slices of 1.0 mm thickness at 1.0-mm intervals. The field of view was 20x20 cm. Prior to each scan, 1.5 ml/kg non-ionic contrast medium (Ultravist 300 mg I/ml; Schering Healthcare, Guangzhou, Guangdong, China) was injected into the antecubital vein using a 20G needle at a flow rate of 3 ml/sec. Saline (30-40 ml) was injected at the same flow rate. CT scanning was automatically triggered using a bolus-tracking technique following administration of the contrast agent. The region of interest was the pulmonary artery trunk and a threshold of 100 Hounsfield units was set. Scanning was triggered with a delay of 2 sec once the threshold was reached.
Pre-processing. All original images captured prior to chemotherapy were in Digital Imaging and Communications in Medicine format (the international standard to transmit, store, retrieve, print, process and display medical imaging information). Prior to extraction of the quantitative radiomics features, the images required 3-dimensional (3D) manual segmentation. Itk-snap software (version 3.4; www.itksnap.org) was used for this purpose. First, the abdominal window was contoured to identify its boundaries with the chest wall and other soft tissues. The pulmonary window was then contoured to capture the maximum extent of the tumor in the lung parenchyma (25) . All tumors were manually segmented and completed independently by two radiologists with 11 and 20 years of experience in CT imaging of thoracic malignancies, respectively. Each radiologist reviewed the segmented images and any discrepancies were resolved by discussion until a consensus was reached. All images were normalized to gray values.
Radiomic feature extraction. In SCLC, radiomic feature extraction is performed in 3D volumes of interest (VOIs) in order to calculate a set of statistical measures. These are then analyzed to determine which are statistically significant. The 3D VOIs were comprised of 3D regions of primary SCLC tumors. In each case, the 3D VOI was segmented manually by two experienced (≥10 years experience) radiologists. The radiologists delineated the boundaries of the primary tumors on a transversal plane using an in-house manual drawing program in MATLAB (version 7.0; The MathWorks, Inc. Natick, Massachusetts, USA).
In the present study, the CT images were processed using 3 different radiomic feature extraction strategies. The first method of gray level histogram analysis (GLHA) was used to calculate six parameters (31): Maximum, minimum, mean, standard deviation, skewedness and kurtosis of the CT values inside the 3D VOI. These parameters reflect the basic statistical characteristics of pixels inside tumors. However, they do not take into consideration the spatial information between adjacent pixels.
The second method of spatial gray-level dependence matrices (SGLDM) was used to calculate 10 statistical measures to quantify the differences between two adjacent pixels along specific directions: Entropy, angular second moment, contrast, homogeneity, sum-mean, variance, correlation maximum probability, inverse difference moment and cluster tendency. These parameters have been defined by previous studies (32, 33) . They are calculated from 2D co-occurrence matrices, whose function Md(i, j) denotes the number of pairs of adjacent pixels with gray level i and with gray level j along the dth direction. As CT images are too thick for detailed analysis, only adjacent pixels within the same transverse plane were considered. In the present study, four directions along 0˚, 45˚, 90˚ and 135˚ were used.
The third method of neighborhood gray-tone difference matrices (NGTDM) calculated five statistical parameters: Coarseness, contrast, business, complexity and strength. They have also been defined previously (34, 35) . This method differs from SGLDM, which quantified the associations between two adjacent pixels along given axes. Instead, this method describes how the gray level of a pixel differs from that of all its neighbors. The parameters were calculated on the basis of a neighborhood gray-level difference matrix M(i). The elements of this matrix consist of the differences between a pixel with gray level i and all of its neighbors. As in SGLDM, a pixel's neighbors are only defined along the same transverse plane. Table I presents the radiomic features of these parameters, including category, label, feature name and description. Fig. 2 presents a diagram of the method adopted in the present study.
Statistical analysis. All statistical analyses were performed using SPSS version 19.0 (IBM Corp., Armonk, NY, USA). Student's t-tests were used for the comparison of two groups. Mann-Whitney U test was used to analyze the differences between each of the 21 computer-extracted features between the responsive and non-responsive two groups. Association between responsive and non-responsive groups and clinicopathological data from patients with SCLC was analyzed by Chi-square test. Binary logistic regression analysis was performed to assess the influence of the 21 computer-extracted indexes on the treatment efficacy. Receiver operating characteristic (ROC) curves were generated to determine the optimal cut-off threshold values.
The area under the curve (AUC) (36) was used to evaluate the accuracy of the radiomics signature and the model in predicting the efficacy of chemotherapy. P≤0.05 was considered to indicate a statistically significant difference.
Results
Clinicopathological characteristics. The median age of the patients was 59 years (range, 22-83 years). Patients Table II ). This may be due to the small size of the cohort, which limits the statistical power of the data.
Association of the 21 radiomics characteristics with treatment efficacy.
Univariate analysis revealed that, among the 21 radiological features analyzed, two features exhibited significant differences between the response and no response groups. The GLHA category had a maximum CT value, which was significantly different between the two groups (P=0.020). The inverse difference moment was observed in the SGLDM category, which was also significantly different between the two groups (P=0.037; Table III) . Table IV) .
Prediction results of the clinicopathological parameter model. The clinicopathological parameter model took into account conventional clinical risk factors (age ≥60 years, male sex, extensive tumor, central tumor, T1-3, N1-3, M1, smoking, smoking time, smoking index ≥400, ProGRP ≥54.8 ng/ml, NSE ≥3.4 ng/ml, CEA ≥17 ng/ml and Cyfra21-1 ≥3.3 ng/ml). For the binary logistic regression analysis, a backward logistic regression was adopted (R²= 0.121). The results revealed that only smoking had a significant impact on the response to chemotherapy (P=0.038; 95% CI, 0.020-0.894; Table V) .
Predictive performance of the two models. The ROC curves of the radiomics signature model and clinicopathological parameter model were calculated using the significant variables in the logistic regression and are presented in Fig. 3 . The AUC of the radiomics signature was 0.797 (95% CI, 0.692-0.901). The AUC of the clinicopathological parameter model was 0.670 (95% CI, 0.547-0.793). Regarding the prediction of the accuracy of the efficacy of chemotherapy in patients with SCLC, the radiomics signature model was superior to the clinicopathological parameter model.
Discussion
In the subgroup of current and former smokers, the lung cancer-associated mortality rate is highest at ~20%. Smoking is an important independent risk factor for SCLC and ≥90% of patients with SCLC are smokers (1, 37) . In the present study, a significant difference in response to treatment between the smoking and non-smoking groups was identified. However, the smoking time and smoking index exhibited a similar trend but there was no significant difference observed. This may be due to the small size of the cohort, which limits the statistical power of the data. The results of the present study demonstrated that smoking was associated with the efficacy of chemotherapy in patients with SCLC. Thus, smoking cessation should be encouraged by clinicians. At present, the tumor response is assessed by determining changes in tumor size (RECIST 1.1 is based on the diameter of the lesion). However, the tumor size does not truly reflect the morphological, functional and metabolic changes following tumor treatment, as necrosis, hemorrhage and cavitation frequently occur following chemotherapy (38) . The present study, statistical analysis of primary tumor and radiomic texture characteristics may be used to predict the efficacy of chemotherapy in patients with SCLC. Such analyses constitute a powerful upgrade of the morphological assessment system, as indicated in a study on the pathological responses of lung cancer patients to chemotherapy (39) .
Radiomics provides a non-invasive, rapid, cost-effective and reproducible method for detailed and comprehensive characterization of the tumor phenotypic information (shape, intensity, texture and wavelets) (17) (18) (19) 36, 40, 41) . It may reduce the requirement for biopsy and it appears to offer a nearly limitless supply of imaging information that may potentially aid in the prediction of the response to chemotherapy as early as possible and, in turn, reduce unnecessary chemotherapy (42) . Recently, radiomics has made a series of advances in tumor prediction. A radiomics signature has been demonstrated to be a biomarker for distant metastasis of lung adenocarcinoma (AUC= 0.61) (25) . It is able to predict histopathological features of lung carcinoma (22, 23, 43, 44) , the recurrence of hepatocellular carcinoma (AUC= 0.817) (45) and pre-operative prediction of lymph node metastasis in colorectal cancer (AUC= 0.736) (46) . Radiomics studies of lung cancer have mostly focused on non-SCLC (20, (22) (23) (24) (25) (26) 43) ; however, to the best of our knowledge, no previous study has investigated radiomics approaches in SCLC.
Radiomics features may be divided into four categories: Morphology, statistics, region and model. The statistical features of these categories may be classified as single-point statistics (histogram) or higher-order statistics (texture) (47) . In the present study, 21 quantitative parameters were extracted from the statistical radiology characteristics. GLHA features constitute single-point statistics, which include 6 statistics (maximum of CT value, minimum of CT value, mean, standard deviation, skewedness and kurtosis) calculated from gray-level distributions (histogram) of voxels without considering spatial associations. SGLDM parameters include 10 statistics calculated from a co-occurrence matrix, characterizing variations of gray levels for a pair of consecutive voxels by considering spatial associations. NGTDM parameters use the intensity values of a neighborhood instead of one pixel to characterize differences in gray levels between a voxel and all its neighbors. SGLDM and NGTDM constitute higher-order statistics. They may be used to obtain information regarding the spatial association between pixels and thus reflect the textural characteristics of tumors. Ultimately, the five characteristics that exhibited significant differences between the effective and ineffective groups were included in the present model; the first-and higher-order statistics were included. Of note, the radiological features prediction model based on these features (AUC= 0.797) had a higher predictive accuracy than the model of clinicopathological characteristics (AUC= 0.670), indicating that radiomics features provide more information regarding heterogeneity within a tumor, and that the radiomics signature may successfully stratify chemotherapy patients into high-and low-risk groups. This would allow for the targeted and continued treatment of patients expected to exhibit a poor response to first-line chemotherapy, and may improve long-term patient survival.
In conclusion, the results of the present study revealed that a radiomics signature may be an independent predictor of the efficacy of chemotherapy in SCLC patients. It represents a novel biomarker that may be used for quantitative analysis in radiology and this information may help clinicians to better evaluate patients and select optimal treatment strategies.
